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Abstrakt: V této práci se v¥nuji vyhledávání objekt· v prostoru na základ¥ jediného
RGB snímku a to jak pozice na v²ech t°ech osách tak i rotace kolem kaºdé z nich za
pomocí 3D model· daných objekt·. Uplatn¥ní t¥chto metod je zejména v robotickém
uchopování, autonomním °ízení, nebo augmentované realit¥. Skv¥lým zdrojem pro
hledání vhodné metody je BOP Challenge [
1] , ve kterém jsou porovnávány nejlep²í nové algoritmy na mnoºin¥ dataset·. Vy-
braný algoritmus pak budu p°izp·sobovat a nau£ím jej na svém vlastním datasetu.
Sou£asné nejlep²í metody pro 6D detekci objekt· pouºívají kombinaci klasi�kátor· -
nap°íklad Cosypose [2] pouºívá 3 r·zné neuronové sít¥ a EPOS [3] pouºívá k predikci
6 krok· v£etn¥ vlastní neuronové sít¥. Oba algoritmy mají dostupnou implementaci
a skv¥lé výsledky v BOP.
Pro ukázku funk£nosti si vyberu 4 objekty a jejich 3d modely a pomocí kamery
se pokusím vytvo°it základní dataset. Dále ale pokra£uji technikou renderování fo-
torealistických obrázk·, která je kv·li automatickému anotování objekt· ve v²ech
dimenzích mnohem rychlej²í a prakti£t¥j²í na velká mnoºství dat nutná pro trénování
neuronové sít¥.
Klí£ová slova: 6D, odhad polohy, netexturované a lesklé p°edm¥ty

Abstract: This thesis focuses on estimating the pose of objects based on only one
RGB image of the scene. This includes the position of the object on the three-axis as
well as its rotation using 3D models of the objects. Deployment of such methods is
mainly in robotic grasping, autonomous driving or augmented reality. An excellent
source for comparing these methods is the BOP Challenge [1], which is a competition
trying to �nd the best state of the art public method by comparing them on a list
of datasets. I will then adapt the chosen algorithm and train it on my dataset.
The current state of the art methods use a combination of classi�ers. For example,
Cosypose [2] uses three neural networks, and EPOS [3] utilizes six steps for the
prediction, including a neural network. Both motioned algorithms have publicly
available implementation and excellent results in the BOP Challenge.
For proof of concept, I choose to use four objects with their respective 3D models,
and I try to create a training dataset using an RGB camera. Then I switch to the
photorealistic rendering of the training images, which is signi�cantly faster and more
practical for the amount of training data a neural network requires. This is mainly
because it allows for automatic annotation of the objects in the 6D space.
Key words: 6D, Pose Estimation, textureless and re�ective objects
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Chapter 1

Introduction

6D pose estimation, particularly using just one RGB image, is a computer vision
problem of estimating the pose of all known objects in an image with respect to
the camera, namely its position and rotation. In industrial developments, higher
demands make for new application scenarios. 6D pose estimation uses several kinds of
information to this problem. It obtains texture information, 3D model information,
and colour information to measure the 6D pose of objects. The approaches to the
6D pose estimation can be divided to two main categories: 1. Non-learning-based
approach, and 2. Learning-based approach.

1.1 Non-learning-based approach

This more traditional approach to the problem dates back to 1963 to [4]. The �rst
practical approaches relied on local image features or template matching and as-
sumed a grayscale or RGB input image. A common approach to the problem is es-
tablishing a set of 2D-3D correspondences between the input image and the object
model by selecting the correspondences using local image features, such as SIFT [5],
and estimating the pose by the PnP-RANSAC algorithm. This approach has demon-
strated robustness against occlusion and clutter in the case of objects with distinct
and non-repeatable shapes or textures. However, these methods tend to struggle
with symmetrical objects as the visible parts of such objects may have multiple �ts
to the object model. Additionally, methods relying on local image features have a
poor performance on texture-less objects because the feature detectors often fail to
provide a su�cient number of reliable locations and the descriptors are no longer
discriminative enough.

1



2 Introduction

1.2 Learning-based approaches

Learning-based approaches usually use convolutional neural networks, regression
or other methods based on deep learning to train a model with training data to
then estimate the 6D pose. Recent machine learning-based algorithms have been
dominant over traditional ones. In BOP 2020, �ve methods have outperformed Vidal-
Sensors18 [6], a point pair features-based winner of the challenge from 2017 and
2019. But, there are multiple approaches, each with its pros and cons. One of the
�rst problems of CNN based problems was the performance on symmetrical objects.
For example, if the method were trained using the squared loss between the ground
truth poses and the predicted poses, it would predict the average of the possible
poses for an input image, which is often not a valid solution (for example a pipe
with the symmetry axis in the middle, would have two correct poses, but the estimate
would be perpendicular to them).

1.2.1 Keypoint Approaches

Keypoint-based approaches use two steps: 1. extract the 2D feature points in the
input image, and 2. regress the 6D pose results using a PnP algorithm. An example
of such an approach would be algorithm BB8 [7], which solved the problem presented
by textureless symmetrical objects by restricting the rotation angle; however, it had
a problem with occluded objects if it didn't obtain the correct 3D bounding box.
PVNet [8] resolved this problem with occlusion by segmenting images into several
patches and using those to predict which object they belonged to and where the 2D
projections were. PrimA6D [9] further improved on this approach by replacing the
3D bounding boxes with learning orientation-induced primitives. Single-Stage 6D
[10] revealed that the typical two steps this approach takes are a weakness because
the loss function of the neural network cannot represent the accuracy of 6D pose
estimation. Therefore it presented a single-stage 6D pose estimation method that
could directly regress the 6D pose based on groups of 3D-to-2D correspondences
associated with each 3D object keypoint.

1.2.2 Holistic Approaches

Compared to approaches based on key points, holistic approaches are usually an
end-to-end architecture and faster. Examples are PoseNet [11], which utilises a 23
layer deep convolution neural network to estimate the 6D pose. SSD [12] which im-
proved accuracy by combining bounding box priors with the feature maps of di�erent
spatial resolutions and SSD-6D [13], which extended it for 6D pose estimation and
allowed for easy training and handling of symmetries. Deep-6DPose [14] contributes
by decoupling pose parameters into translation and rotation so that the rotation
can be regressed via a Lie algebra representation.
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This method, however, had poor accuracy when measuring the 6D pose of small or
symmetrical objects. PoseCNN [15] introduced a novel loss function that enables
it to handle symmetric objects. The method handled well occlusion and symmetric
objects in cluttered scenes with RGB or RGB-D images as input.

1.3 Note on depth-based approaches

Many non-learning based methods are focused on just depth information. This is the
result of RGB based methods requiring complex algorithms to obtain precise results.
At the same time, the development of hardware allows for cheap and straightforward
3D scene information, such as depth cameras and 3D scanners. Compared with 2D
information, 3D information preserves the object's original appearance, which is
more helpful in measuring the 6D pose [16]. Learning-based methods are usually
only RGB based or optionally use depth channel to increase accuracy [2, 17, 18].

1.4 Challenges of 6D pose estimation

As stated before, many methods have di�culty classifying symmetrical and texture-
less objects, but some have solved this.

The occlusion of a object can cause a method to miss it. Even more so if the occlusion
covers some texture which the algorithm may rely on. A common workaround is to
separate objects into multiple fragments using the information of visible parts to
predict the object's pose, but usually, the more parts of an object that could be
seen, the more reliable the results obtained.

Another problem present very re�ective objects, which are the most troublesome for
pure RGB methods as well approaches measuring depth information using sensors
that rely on light since the re�ective property of such an object messes up the image.

Background clutter is also pose a challenge to 6D pose estimation methods. Because
the target is surrounded by so much useless information, it is di�cult to measure the
6D pose directly. But almost in any practical scenario, there will always be clutter in
the background. While attempts using masks to cover background exist, like Mask
R-CNN [19], the more robust solution when using CNNs is adapting the training
dataset to cover for this. This is especially simple when rendering the images, eg.
using BlenderProc4BOP [20, 21].

The 6D pose estimation of deformable objects (for example clothes or plants) is a
huge challenge in the �eld because the posture of the objects is unpredictable, and
there are many ways for the objects to deform. Thus, many conditions need to be
taken into consideration, resulting in pressure on the algorithm and calculation.
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To create a dataset images of the objects are captured in di�erent poses in di�erent
views. The best matching in the dataset is found when measuring the pose of objects
[22].

1.5 6D localization or 6D detection

The di�erence lies in prior information about the object present in the input image
distinguishes two 6D object pose estimation tasks: 6D localization, where the identi-
�ers of present object instances are provided for each image, and 6D detection, where
no prior information is provided. 6D detection has computationally more expensive
evaluation as many more hypotheses regarding the type of the object need to be
evaluated, whereas 6D localization needs only to output the top N pose estimates
for an object class.

1.6 The task

The given task by the Rohde Schwarz závod Vimperk, s.r.o. is to examine the pos-
sible application of such a 6D pose estimation algorithm in an automated machine.
A robotic arm would assist this application to grab and move Semirigid RF cables.
These cables are small in size, textureless and often symmetrical. The company pro-
vided me with four examples and with their corresponding 3D models. However,
the �nal application would have to accommodate about 200 other similar objects.
These examples have modi�ed dimensions from the ones used in manufacturing to
preserve the con�dentiality of the company. They contain a wire in the middle, which
is encased by a white insulator further covered by a silver, metallic and somewhat
re�ective cover, representing most of the objects' surface. These will be delivered to
the machine in a black container containing a known amount of objects. The robot
will also know the kind of object in prior to the detection. The idea is to use only an
RGB camera to tell the robotic arm how to pick up one of the objects and then use
it. Since this operation would not be instant, the algorithm can re-evaluate the con-
tents of the box for the next pick up to accommodate for possible misplacement of
the remaining objects by the movement of the arm. The selected method should run
and learn (if it requires learning) on consumer-level hardware as the company pol-
icy forbids sending required (training) data to a 3rd party cloud computing service
without a Non-disclosure agreement.
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1.7 Conclusions

An ideal method would be accurate, fast, robust, scalable and easy-to-train. How-
ever, not all deployments demand all of the above at the same time. For example,
a deployment in autonomous driving might not need a precise 6D position of some
background objects but will prefer speed. In comparison, a robotic grasping project
will need a high degree of accuracy to be able to hit the target but might not require
an instantaneous result if the robot needs to wait for another part anyway.

Figure 1.1: Photos of the provided objects






	List of Figures
	Introduction
	Non-learning-based approach
	Learning-based approaches
	Keypoint Approaches
	Holistic Approaches

	Note on depth-based approaches
	Challenges of 6D pose estimation
	6D localization or 6D detection
	The task
	Conclusions

	BOP Challenge
	Error functions
	Datasets
	BOP Toolkit

	EPOS
	How EPOS works
	Surface Fragments
	Prediction of 2D-3D Correspondences
	6D Pose Fitting

	Installation

	Experiments
	Creating synthetic training images
	The First experiment
	Improvements
	Increasing the resolution
	Rendering from a closer distance
	Other improvements

	Conclusions

	Conclusions
	Other solutions

	Bibliography

